This study analyses the technical efficiency of Iran's 13 major cotton producing provinces over the period 2000-12. It uses two non-parametric full frontier models (Data Envelopment Analysis and Free Disposal Hull) and two partial frontier models (Order-α and Order-m with different values for α and m) to assess the technical efficiency of these cotton producing provinces. It compares the different models with respect to technical efficiency scores and the provinces' rankings. Using this method, the paper identifies the most (least) efficient provinces and follows the temporal patterns of their performance in cotton production. The study also compares the efficiency of different models according to the order of ranking using the Spearman rank order correlation. The efficiency results are sensitive to the choice of frontier model and the values of parameters m and α. According to our results, technical efficiency obtained from partial frontier models is higher than that obtained from full frontier models. Spearman rank order correlation's results indicate that the correlation between models DEA and FDH is high. As α→1 and m→∞, the correlation coefficient between DEA with Order-α and Order-m increases. Our results also indicate that rank order correlation between FDH and Order-m is higher than that for Order-α.
Cotton is an important input in Iran's textile industry. Its fabric is mostly composed of domestically produced cotton. Iran's cotton production reached its peak in 1975. However, thanks largely to the low prices that the government paid for harvested cotton and also due to government interventions in later years, the country's cotton production decreased. This downward trend continued till 1981 when it reached minimum levels (204,000 tons per annum). Eventually this decline in production forced the government to ban cotton exports to meet domestic consumption requirements. However, despite this policy, cotton production continued declining and eventually reached such low levels that the government had to import cotton.
In recent years, cotton production reached about 337,000 tons produced in different parts of the country (86,837 tons in Khorasan and 61,742 tons in the Fars provinces). The total area under cotton production in Iran is about 123,000 hectares. Most of the area devoted to cotton production is located in Khorasan (31 per cent) and Golestan (15.3 per cent) provinces. Despite the relatively high cotton production in the country, the textile industry needs to double its present production levels to meet demand. However, most of its cotton is provided through imports. This is against the government's policy of having self-sufficiency in the production of cotton. The country can increase domestic production of cotton through two ways: first, by increasing the area under cotton cultivation and second, by increasing yield per unit of land. Due to limited supply of arable land and production inputs, the first alternative is not practical. Therefore, increasing cotton production from the land already under its cultivation seems to be a better option. In other words, if Iran can increase the amount of cotton produced from one hectare of cultivated area, its total cotton production will increase. For following the second option, we first need to measure the technical efficiency of cotton production in the country.
There are two alternative measures of analysing the performance of decision making units (DMUs): technical efficiency, which measures a DMU's ability to produce the maximum amount of output from a given set of inputs and technology and allocative efficiency which measures a DMU's ability to choose an optimal set of inputs at given prices and technology. A combination of technical and allocative efficiencies is called economic efficiency (Sengupta, 1999) .
Parametric and non-parametric approaches are used for measuring technical efficiency. Parametric approaches use the stochastic frontier analysis (SFA) to estimate production, cost or profit functions. According to Giannakas et al. (2003) parametric methods face a problem as one has to choose a functionl form for representing profit, cost and production functions. This is an important drawback of this approach because it leads to biased results when the functionl form chosen is not appropriate because its policy implications become misleading. Non-parametric approaches develop mathematical programmes for J. Agric. Crop Res. / Rashidghalam and Heshmati 83 measuring efficiency like the Data Envelopment Analysis (DEA) and the Free Disposal Hull (FDH).
Considering the importance of cotton production in Iran's textile industry and the poor performance of this crop in the agricultural sector, there is a need for precise performance evaluations in different provinces in the country. For doing so, this study uses the non-parametric methodology to measure the technical efficiency of Iran's cotton producing provinces. The empirical analysis uses panel data from 13 major cotton producing provinces for the period 2000-12. The main objectives of the paper include:
measuring the technical efficiency of Iran's cotton producing provinces and comparing the results of four alterntive models --DEA and FDH with robust estimators of Order-α and Order-m. -ranking the provinces and identifying the efficient ones.
-comparing different non-parametric models according to their order of ranking using the Spearman rank order correlation.
Our estimators are based on the envelopment approach, which assumes that all observed units belong to an attainable set. 1 Order-α and Order-m, which are generalized versions of the FDH approach, are also nonparametric measures for measuring technical efficiency; these are more robust in extreme observations. As a result, this paper presents the most complete set of results on the efficiency of the Iranian agricultural sector, as previous studies in this sector have limited themselves to only using DEA and FDH approaches.
LITERATURE REVIEW
Several studies evaluate the efficiency of production units in different sectors of the economy following nonparametric approaches (Afonso and Aubyn, 2005; Gabdo et al., 2014; 2 Řepková, 2014; 3 Aldamak and Zolfaghari, 2017; 4 Gearhart and Michieka, 2018 5 ).
1 For a detailed review of literature, see Deprins et al. (1984) , Charnes and Cooper (1985) , Lovell and Schmidt (1988) , Bauer (1990) , Charnes et al. (1994) , Coelli (1995) , Kumbhakarand Lovell (2000) and Fried et al. (2008) . 2 Gabdo et al. (2014) used two full frontier (DEA and FDH) and two partial frontier (Order-alpha and Order-m) models for a comparative estimation of technical efficiency in the goat-oil palm and cattle-oil palm integration systems. 3 Řepková (2014) applied the Data Envelopment Analysis (DEA) and the Windows Analysis to data from Czech commercial banks. 4 Aldamak and Zolfaghari (2017) reviewed literature on rankings using the Data Envelopment Analysis to increase the discrimination power of this analytical technique. 5 Gearhart and Michieka (2018) examined cross-county healthcare efficiency rankings using modern non-parametric estimators. Their analysis showed that the two-stage DEA was inappropriate and violated several assumptions as compared to the conditional Order-m estimation. Daouia and Gijbels (2011) found Order-α and Order-m methods more robust as compared to the full frontier methods. They specified the Order-α method for which both partial production frontiers can be compared and showed that even one change in data was sufficient for a breakdown of non-parametric Order-m frontiers, whereas the global robustness of the Order-α frontiers attained a higher breakdown value. They concluded that Order-m frontiers are more resistant to outliers than Order-α frontiers and that Order-m frontiers have the advantage of being statistically more efficient. Abdelaati et al. (2012) derived a theory of an estimator of the frontier with an asymptotic normal distribution. They used an Order-m partial frontier model and let Order-m converge to infinity when n →∞ but at a slow rate. They found that this estimator was more robust to extreme values and outliers as a regularized frontier estimator as compared to the usual non-parametric frontier estimators (FDH). They evaluated the performance of this estimator through Monte-Carlo experiments. Carvalho and Marques (2014) suggest that Order-α frontiers be linearized by the DEA frontier. Their proposed methodology uses partial frontier nonparametric methods which are more robust as compared to traditional full frontier methods. They proved the usefulness of their approach and showed that if only full frontier methods are used they would lead to different results. Silva et al. (2016) used six non-parametric estimators to evaluate the efficiency of the banking sector in Brazil: DEA, FDH, bias corrected FDH (FDHC), bias corrected DEA (DEAC), Order-m and alpha-conditional quintile. Their comparison of the different models showed that there was a significant discrepancy in the estimated efficiency scores. According to their results, Order-m and alpha-conditional quintile estimators were useful in identifying extreme values and they were also more robust relative to DEA and FDH. The latter methods produced significant changes in a firm's rankings and estimated efficiencies.
Compared to the number of studies that measure the efficiency of other agricultural crops, there are very few studies that evaluate the performance of cotton production. Our analysis contributes to existing literature because it is the first comparative study of province level efficiency of cotton producers in Iran. Further, prior literature on Iran's cotton efficiency provides some controversial results; these studies are also based on a restricted number of variables. Hence, another contribution of our study is that it uses a larger number of explanatory variables which could affect the estimated technical efficiency. However, the primary contribution of our study lies in measuring the technical efficiency of cotton producing provinces in Iran over 13 years using a different range of non-parametric models and doing a sensitivity analysis of the estimated efficiency results because of the estimation method that we choose.
The rest of this paper is organized into four sections. First, we present the methodological framework that we adopt for our study. This is followed by a description of the data and specifications of the empirical models. Next we present the results. The last section gives the conclusion and policy recommendations.
NON-PARAMETRIC FRONTIER METHODOLOGIES
Most of the existing research uses Farrell's (1957) piecewise-linner convex hull approach for estimating frontiers in measuring efficiency. Boles (1966) and Afriat (1972) suggest using mathematical programming for the measurements. Charnes et al. (1994) propose a model in which inputs are minimixed to produce a given output (assuming constant returns to scale). Charnes et al. (1994) were the first to develop the term DEA (Data Envelopment Analysis). Subsequently, Banker et al. (1984) proposed a flexible model in which they assumed that returns to scale was a variable (VRS). The DEA technique develops an empirical frontier using observed production and then measures technical efficiency as the distance of each DMU from the frontier. This technique has the advantage of handling multiple outputs and inputs without price information and functional forms (Ruggiero, 2007) .
The second non-parametric model which is used extensively in efficiency measurement studies is the Free Disposal Hull (FDH) model. This model was first formulated by Deprins et al. (1984) and was developed by Tulkens (1993) . This model's advantage is that it is based on the principle of weak dominance and departs from the convexity assumption inherent in the DEA model. It also assigns an already existing DMU an efficient reference point, which makes the achievement of goals more credible. However, it also marks more DMUs as efficient (see, for example, Cooper et al., 2007 for a comprehensive discussion on DEA and FDH).
The non-parametric approaches mentioned so far in literature on technical efficiency measurement are full frontier models (DEA and FDH). Full frontier models assume that all observations belong to an attainable set and are based on the envelopment approach. Although DEA and FDH methods have some advantages over parametric methods they also have some limitations and have been criticized by econometricians for lacking a well-defined data generating process, being deterministic and being highly sensitive to measurement errors and extreme data. They also suffer from the problem of the 'curse of dimensionality' (Carvalho and Marques, 2014) . Some of these objections are addressed by Cazals et al. (2002) and Aragon et al. (2005) as they introduce partial frontier approaches Order-m and Order-α. These two techniques generalize the FDH model by allowing superefficient DMUs to be located beyond the estimated production possibility frontier. Hence, if there are some outliers and abnormal observations that might represent measurement errors, the estimated frontiers will not be shaped by them. Therefore, partial frontier models are less vulnerable to outliers as compared to DEA or FDH (Tauchmann, 2011) .
Full frontier

Data envelopment analysis
The DEA method is a non-parametric mathematical programming approach used for evaluating a set of comparable decision-making units; it measures the DMUs' productive efficiency. The DMUs can be different organizations, departments, firms or provinces which have similar functions, goals and market segments (Pjevčević et al., 2012) . This is a full frontier method which estimates the production frontier and evaluates the technical efficiency of each DMU.
If we consider a set of n DMUs, let k Y and ik X denote the level of the output and the level of the ith input respectively for DMU k. Charnes et al. (1994) present the following model to measure the efficiency of DMU k:
The optimal level of  , denoted by *  , satisfies the condition 1 0 *    . If  equals one, the DMU under measurement lies on the estimated frontier and is said to be technically fully efficient. The observed data of inefficient DMUs is said to be enveloped by the frontier. Model (1) assumes constant returns to scale of the production function and hence, this model is often referred to as the CCR (Charnes, Cooper and Rhodes, 1978) model. The obtained scores of the CCR model determine technical efficiency (TE) and distinguish it from other types of efficiencies (such as allocative efficiency) in which no costs and prices are used (Yang and Chang, 2009) .
Free disposable hull
Another model which has received a considerable amount of research attention is the Free Disposable Hull (FDH) model. This model was first formulated by Deprins et al. (1984) . The FDH estimator is both a deterministic and a non-parametric method for measuring technical efficiency. The FDH model is deterministic as it cannot accommodate stochastic properties. The FDH estimator's non-parametric nature arises from its lack of specifications of the functional form. Like DEA, FDH is very sensitive to noise and outliers and it is also susceptible to dimensionality problems (Gabdo et al., 2014) . The most important advantage of FDH is that efficiency evaluations are affected only by the actually observed performance (Subhash, 2004) .
The FDH estimator only imposes free disposability of inputs, it does not impose convexity of the estimated technology (Silva et al., 2016) . Following DeBorger et al. (1994) , we derive FDH as:
Then, the FDH estimator is defined by the following axioms:
This axiom assumes that it is not possible to obtain a semi-positive output from a null input vector. Axio m II:
Axiom II states that for any utilization of finite inputs, finite outputs are produced. Then we have the axiom of free disposability of inputs (Axiom III), which implies that an increase in input X cannot lead to a decrease in output Y:
Axiom IV indicates that if an array of input vectors can each yield an output bundle Y and converge to * X , then the same * X can also yield output bundle Y.
Strong free disposability of output (Axiom V) provides for variable returns to scale and assumes a reduction in output with the same quantity of inputs. Therefore, the specification of the FDH input correspondence is:
where J represents the k×n matrix of outputs, N represents the k×1 vector of intensity, k I indicates the k×1 vector of ones. According to all axioms, convexity assumption is not imposed on technology.
Partial frontier
DEA and FDH are particularly sensitive to outlier observations or extreme data points. These outliers may misleadingly influence the evaluation of other firms' performance. There are two solutions to this problem in full frontier models: first, identifying any outliers in the data and then perhaps deleting them. Some studies (Wilson, 1993 (Wilson, , 1995 Porembski et al., 2005) suggest a number of techniques for finding out outliers in frontier models. The other alternative is using robust estimators that have been developed recently. In current case, the yield may vary by location and be related to weather conditions, irrigation infrastructure, soil condition, variety chosen or other local factors.
New estimators involve the concept of a 'partial' frontier as opposed to the traditional idea of a 'full' frontier that envelops all the data. Cazals et al. (2002) , Aragon et al. (2005) , Simar (2004, 2005) and Daraio and Simar (2005) have developed the concept of partial frontier models. Order-m and Order-α quintile frontiers are two families of partial frontiers (Simar and Wilson, 2000) .
An Order-m model's aim is estimating an efficiency frontier which is less sensitive to outliers and extreme values. In this model, the efficiency of each DMU is benchmarked against the average maximum output by m-number of peers which are randomly drawn from the population of observations. The principle of Order-α efficiency models is similar to the principle of Order-m efficiency models. Like Order-m models, Order-α models' aim is estimating an efficiency frontier that is less sensitive to extreme values (Hardeman and Roy, 2013) .
Order-m frontiers
Order-m is a generalization of a FDH model and is a result of adding a layer of randomness to the computation of efficiency scores in the FDH model (Cazals et al., 2002; Daraio and Simar, 2007) . It introduces a benchmark frontier which is less sensitive to extreme observations as compared to a full frontier model. This benchmark is defined as the expected minimal input value among m (m ≥ 1) peers:
is the minimal input frontier function. Then we have the equivalences in which m→∞, Cazals et al. (2002) for a fixed m we have:
, (  is a Gaussian process with covariance function  ). Therefore, for a fixed value of m and any given y, as n→∞, we have: 
Order-α frontiers
The other concept of a partial frontier model mentioned earlier is the Order-α (conditional) quintile frontier, which provides a robust estimator of the frontier function (Aragon et al., 2005; Daouia and Simar, 2005) . According to Tauchmann (2011) Order-α generalizes the FDH estimator by employing the (100-α) th percentile approach. Order-α also minimizes input consumption among available peers for benchmarking. This model is written as: (Gabdo et al., 2014) .
Practical values for m and α
In Order-m and Order-α models we need to choose values for parameters m and α. Different amounts of m and α define the position of the frontier relative to the data. Therefore, the choice of m and α is critical. m represents the size of the artificial reference sample and the default is (m=ceil (N 2/3 )), where ceil (.) stands for the ceiling function. Only integer and positive amounts are allowed for m values (Tauchmann, 2011) . As the values of m and α increase, the data used in the estimation increases. Therefore, efficiency scores are dependent on the choice of m and α. The choice of practical values for m and α is a theoretical issue. We follow literature in choosing different values for these parameters in our analysis. As Silva et al., (2016) suggest 75, 150, 300 and 1,500 for m and 98, 98.5, 99 and 99.5for α, we use these values with m=21 (according to m=ceil (N 2/3 ); for empirical data of N=169.
DATA
Our research selected 2000-12 panel data on Iran's 13 main cotton producing provinces which is a balanced panel data with 169 observations. The data contains information on output and inputs. The output of cotton (Y) is measured as the provincial cotton production in kilograms. Seed ( represents the quantity of fertilizers used for production. Labour input ( 4 X ) is the total number of employees in different provinces. The other input variable is animal manure fertilizer ( 5 X ). X6 is the machinery utilization rate measured in percentage use and indicates the share of farmers in each province who use machinery. All output and input variables are measured in hectares of land. The data used for our study came from Iran's Ministry of Agriculture, which collects the data regionally through an annual survey that uses a common questionnaire across all provinces.
The summary statistics of our data is given in Table 1 , which shows that cotton production varied between 1,092 and 4,895 kg per hectare in different provinces during the study period. The sample mean of cotton production was about 2,445 kg per hectare. Mean seed consumption was about 76 kg per hectare. Seed use ranged between 20 to 205 kg with a standard deviation of about 40 kg. The consumption of chemical fertilizers ranged between 161 and 1,332 kg per hectare with a standard deviation of 172. Mean chemical fertilizer usage was about 439 kg per hectare. The number of workers employed in cotton production was about 77 per hectare, which may reflect the fact that cotton production in Iran is labour intensive. Mean animal fertilizer and pesticide usage was about 1,740 and 4.5 kg per hectare respectively. Detailed information from our data confirms that use of animal fertilizers decreased over time. According to Table 1 , on average, 38.62 per cent of the farmers in each province used machinery for cotton production.
Investigating the correlation between inputs and output is important when considering the robustness of the nonparametric frontier models. If there is an input which has a high correlation with other input variables, it can be excluded from the model to avoid the collinearity problem as this variable might be thought of as a proxy for the other variables. The correlation between each pair of variables is presented in Table 2 . Concerning output and input variables, all input variables are positively correlated with cotton production, and only pesticides are negatively correlated with output (-0.121). This indicates that an increase in pesticide use is accompanied by a fall in cotton production. Seeds are positively correlated with fertilizers, labor, and animal fertilizers. As shown in this table, there is a negative association between pesticides and other input variables. Fertilizers are positively correlated with seeds, labor, and animal fertilizers but negatively correlated with pesticides (-0.027) and machinery (-0.158). Animal fertilizers are positively correlated with all other input variables, except pesticides Table 2 shows no evidence of a very high correlation relationship between the variables. Therefore, it is a reasonable validation of our non-parametric models.
ANALYSIS OF THE RESULTS
Measuring technical efficiency using different models
As per existing considerations we ran two full frontier models (DEA and FDH) and two partial frontier models (Order-α nd Order-m with different values for α and m). Table 3 gives their efficiency scores. The second part of Table 3 shows mean technical efficiency scores obtained by different models. Based on the DEA model, the mean technical efficiency of cotton producing provinces was 0.702. When we drop the convexity assumption (that is, move from DEA to FDH), the estimated mean technical efficiency scores become higher (this is as expected since the best practice frontier then wraps itself closer around the data). Other studies which have used DEA and FDH models on the same dataset also report higher technical efficiency scores for the FDH model as compared to the DEA model (De Borger et al., 1994; Gabdo et al., 2014; De Witte and Marques, 2010) . Technical efficiency based on the FDH model is 0.97.3, which suggests that cotton producing provinces in Iran could increase their production by about 2.7 per cent through better use of inputs and improved productivity. One possible way of achieving this is by improving agricultural extension services, Training and education for farm managers, efficient management practices, and providing other facilities to the farmers.
Estimated technical efficiency scores become higher when we use the partial frontier approaches (Order-α and Order-m). The average Order-α99 efficiency estimate takes a value of 1.110, which means that on average the country is 11 percentage points inefficient. This value is compared to the average Order-m150 efficiency estimate, which takes a value of 1.042; this means that on average the country is 4.2 percentage points inefficient, or could produce 4.2 percentage points more output for its input levels to be considered fully efficient. As expected, while α and m increased, technical efficiencies obtained from these models equalled the FDH model. Based on the results of different Order-α estimators it appears that efficiency scores are robust to the choice of α; this has also been noted by other studies (Daouia and Simmar, 2005; Gearhart, 2016; Silva et al., 2016; Gearhart and Michieka, 2018) . Also, as the value of α approach 1.0, efficiency scores approach the full frontier estimation. For the Order-m estimator, the percentage of super-efficient observations decreases as m increases. To compare the different models, we have the following relation: Order-m21> Order-m1500 = Order-α99.5>FDH> DEA.
The most interesting results of efficiency measurements in such cases are those provided by the complete listing of the efficiency scores of each province ranked in decreasing order. Table 4 presents provinces' ranks determined by different models. According to full frontier models (DEA and FDH), East Azerbaijan was the most efficient province while Qom and Khorasan were the least efficient. Although there are differences in the exact level of efficiency depending on the approach used (Table 4 and Figure 1 ) efficiency rankings according to various approaches tend to support similar conclusions about the provinces' relative performance. In models Order-α98, Order-α98.5, Order-α99, Order-m21, Order-m75, Order-m150 and Order-m300some of the provinces are super-efficient. Besides the super-efficient performers, East Azerbaijan, Mzandaran and Golestan provinces were situated on the efficiency frontier based on the FDH model. 21.89 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 40-50 8.28 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 30-40 4.73 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 20-30 0.59 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 10-20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 00-10 0.00 0.00 0.00 0.00 0.00 .00 0.00 0.00 0.00 0.00 0.00
A graphic representation of average technical efficiencies of the provinces in the study period for different models is shown in Figure 1 . The level and time patterns of mean efficiency for each model over the 13-year period are given in Figure 2 which exhibits volatile patterns over time. Figure 2 gives us the following results: (i) Models DEA, FDH, Order-m1500, Order-m300 and Order-α99.5have almost the same time trends. According to these models, technical efficiency decreased slightly from 2000 to 2002, increased substantially from 2002 to 2003 and then decreased from 2003 to 2007; 2010 and 2012 were the most inefficient years during the study period. (ii) Models Order-m21, Order-m75, Order-m150, Order-α98, Order-α98.5 and Order-α99have almost the same time trends. According to these models 2004 was the most efficient year in the study period. Overall, most of the provinces could not improve their efficiency over time during the period of analysis. The main reasons behind decreasing technical efficiency during the study period include: (1) In recent years seed quality has deteriorated which has decreased yields and crop quality. (2) Environmental and climate constraints like lack of precipitation especially in recent years could be another reason for decreasing technical efficiency. (3) Finally, traditional and lowtechnology used in cotton harvesting in the country (which accounts for about 20 to 23 percent of the cost of production) has led to low crop yields and efficiency. Table 5 shows some of the distributional characteristics of the provinces' efficiency scores using DEA, FDH, Order-α and Order-m models. It also presents the percentage of efficient and super-efficient provinces.
According to the DEA model, most of provinces (about 21.89 per cent) were in the efficiency range of 50 to 60 per cent. According to Tables 3 and 5, the mean technical efficiency was about 70.2 per cent; and 39.95 5 2000 2001 2002 2003 2004 2006 2007 2008 2009 2010 2011 Order-m, m=150
Order-m, m=300
Order-m, m=1500 Table 5 give efficiency estimates of Order-α and Order-m with different values of α and m. These values define the position of the frontier relative to the data. As the values of these parameters increase, the number of provinces in the estimation gets higher and the efficiency scores get closer to the FDH model. According to Table 5 , efficiency estimates are highly dependent on the choice of m and α. Table 5 also indicates that 40.83 per cent of the provinces were efficient when α=98.5 and 14.79 per cent were efficient when m=150. Comparing these numbers to the FDH model (78.70), partial frontier models produce a finer efficiency ranking for the provinces. Based on Order-α99 and Order-m300 models, the technical efficiency of 31.95 and 55.03 per cent of the provinces respectively was greater than unity and they are considered to be super-efficient. Silva et al.'s (2016) study also reported that some of the firms were superefficient with efficiency scores larger than one.
According to Table 5 and the second part of Table 3 , the technical efficiency estimates of model Order-α98 show that all the provinces operated between an efficiency range of 0.72 and 5.50 with a mean score of 1.29. This range in model Order-α98.5 is 0.69 to 4.5. As Table 5 shows, according to these models 59.76 and 49.11 per cent of the provinces were super-efficient respectively. As expected, by increasing the value of α and m, the number of efficient and super-efficient provinces decreased.
We calculated the Spearman rank order correlation coefficients ( r ) to determine how close the implied rankings of provinces were in each of the models.
Coefficient r is essentially a measure of association derived from ranks of observations between two series. A value of r =1 (or -1) indicates a perfectly positive (negative) rank order correlation, while r =0 indicates that no correlation exists. Pairwise rank order correlations of different models are reported in Table 6 . The main results of this table can be summed as:
1. The correlation between DEA and FDH models was relatively high at 0.50. This implies that in our study the DEA and FDH models ranked the provinces in almost the same order. 2. Rank order correlation between FDH and Order-α98 was 0.39; and that between FDH and Order-α99 was 0.51. On the other hand, the correlations of FDH with Order-m21 and Order-m300 were 0.47 and 0.54 respectively. Therefore, while α→1 and m→∞ the rank order correlations of FDH with Order-α and Order-m approached one. The rank order correlation between FDH and Order-m was higher than that for Order-α. 3. As the value of different αs' got closer, the rank order correlation between Order-α models increased. The highest correlation was between Order-α98 and Order-α98.5 models (0.86). This finding implies that these models ranked the provinces in the same order. 4. The same relationship existed between different Orderm models and as different amounts of m got closer, the rank order correlation increased. The highest rank order correlation was 0.96 (between Order-m75and Order-m150). 5. Rank order correlation between Order-m21 and Order-α99.5 was 0.55. The highest correlation between Order-α and Order-m was 1.00 (between Order-α99.5 and Order-m1500). These models seem to be the most consistent in generating similar results in ranking the provinces.
Figure 3 provides scatter plot matrices for DEA, FDH, Order-α and Order-m models with different values for α and m. It illustrates the differences between the models in the ranking of provinces by technical efficiency estimates.
The straight lines in the graph indicate a perfect match between two compared models. These results prove the findings given in Table 6 .
SUMMARY AND CONCLUSION
This paper compared different non-parametric estimators for technical efficiency and used them to evaluate the efficiency of cotton producing provinces in Iran. The estimators considered were the Data Envelopment Analysis (DEA), the Free Disposal Hull (FDH), Order-m and Order-α. For this comparison, we used an identical dataset of cotton producing provinces in Iran during the period 2000-12.
After outlining the target of this study and the main concepts related to it, we addressed empirical issues concerning data requirements and the mathematical methods used for efficiency analyses. After reviewing the various methodologies that have been developed to address efficiency empirically we chose to report on four methodologies.
Our efficiency results were sensitive to the choice of the frontier model and the values of parameters m and α. According to our results, when we dropped the convexity assumption, the estimated mean technical efficiency scores became higher; the estimated technical efficiency scores became even higher when we used partial frontier approaches (Order-m and Order-α).
The mean technical efficiency of DEA, FDH, Order-α98 and Order-m21 models was 0.702, 0.973, 1.293 and 1.641 respectively. According to most of our models, the top performing provinces in this category were East Azerbaijan, Mazandaran and Golestan. Qomwas among the lowest ranked. Overall, most of the provinces could not improve their efficiency over the period of study. According to all the models, 2004 was the most inefficient year during the study period.
Finally, using the Spearman rank order correlation coefficients we explored the extent to which different models were similar in the ranking of different provinces. The correlation between models DEA and FDH was high. As α→1 and m→∞, the size of the correlation coefficient between DEA with Order-α and Order-m increased. The results indicate that rank order correlation between FDH and Order-m models was higher than in the Order-α model.
FUTURE RESEARCH
This research has some limitations which can be overcome in future studies. Its first limitation is mainly due to the nature of the dataset used as we did not have access to other input variables (for example, irrigation and energy consumption). Second, considering the time variable would give a more precise assessment of technical efficiency. This provides a direction for future research for measuring technical efficiency using Window-analysis and using Consistency Conditions suggested by Bauer et al. (1998) to compare the scores and rankings of different models. Third, there is also a need to examine the extent to which our results can be generalized to other crops.
Policy implications
The empirical results of our research are important for policymakers as they provide detailed information about cotton production in different provinces in Iran. Our recommendations for policymakers are: -Since cotton picking harvesters cost a lot and farmers cannot afford to buy them, subsidies for machinery should be provided to increase the technical efficiency of cotton production in the country. -Descriptive evidence from our data indicates that low quality seeds that have been used recently might be one reason for decreasing technical efficiency. Hence, funds should be provided to help cotton producers in developing and improving both the quality and quantity of the seeds that they use. -Different scores of technical efficiency indicate large disparities in the provinces in terms of technical efficiency which may be due to the fact that some of the provinces (for example, East Azerbaijan) have comparative advantages in producing cotton. Thus, specialization in the use of resources is recommended for increasing cotton production in the country.
